Abstract-In this paper, for the modern intelligent video surveillance, we introduce an optimizing motion detection algorithm aim at overcoming the flaw of conventional background subtraction algorithm. We combine adaptive background model in HSV color space with moving object segmentation based on fuzzy clustering to extract moving objects from frame. The adaptive background model is able to restoring the background due to the accurate description of the HSV color space, and then the moving object segmentation based on fuzzy clustering is used to distinguish the moving area and noise area by the adaptive selection of threshold. We also consider SIFT feature to improve the performance of motion detection algorithm. The experiment show that the algorithm alleviates the impairment of noise and time complexity of the motion detection algorithm is low.
I. INTRODUCTION
Motion detection is crucial in many fields, such as pattern recognition, traffic surveillance, object tracking. It operates in a specific area to recognize the change of image for detecting the moving object. However, the change of the environment disturbs the motion detection seriously: illumination, shadow, noise and so on. Beside the impairment from environment, the complexity of the motion detection algorithm should also be tolerable, best to satisfy the real-time requirements of some monitoring systems. Lots of current motion detection algorithm fails to be effective and fast at the same time. Thus our task is to find the motion detection algorithm which seeks the balance between effectiveness and complexity. Though the theme is widely researched, it is still very challenging and requires more study.
Conventional motion detection algorithms are optical flow method, background subtraction and frame difference [1] [2] [3] [4] [5] . Ref. [1] proposed an optical flow-based based real time object tracking method which tracks a set of feature points based on optical flow and provide a restoration process for missing feature points. Detect the intensity of pixels within a short time to estimate whether it is noise. In general, optical flow method has high complexity and be sensitive to noise. Frame difference method which detect the difference image and take unchanged region as background and changed region as motion or noise. It conducted on the binary image and has high process speed, but is unable to extract moving object precisely. Background subtraction approach is the most used motion detection algorithm. The main idea is to restore the background by background model and subtract the background from image to acquire the moving target. It could extract the complete and clear target, but is enslaved to the background model and thresholding, the method becomes unstable, especially when the illumination varied rapidly. Hence, some novel background mode lings were proposed to overcome these shortcomings, Ref. [6] uses neural network architecture to form unsupervised Bayesian classifier for background modeling and moving objects segmentation, the weights of neural network served as background model which are updated temporally to reflect the statistic of background. Ref. [7] [8] employ hidden Markov models (HMM) to analysis the multivariate time-series activity for video monitoring. Ref. [9] use the mean shift-based clustering to track the moving objects. They are better in performance, but still have high time complexity for real-time application.
According to above analysis, we consider combining two advantage algorithms to overcome the flaw of conventional background subtraction: adaptive background modeling which is insensitive to the environmental change and moving object segmentation based on fuzzy clustering, the latter is able to mitigate the disturbance of noise. The complexity of each algorithm is low, so the complexity of the combination is acceptable. We also consider SIFT in optimization of motion detection algorithm. The remaining part are organized as below. Section 2 describes the adaptive background modeling. Section 3 introduces moving object segmentation based on fuzzy clustering in detail. Section 4 introduces the application of SIFT in motion detection algorithm. The conclusion is drawn in Section 5.
II. BACKGROUND RESTORATION
There are two important elements in background restoration: color space and background modeling. Most video surveillance algorithm operates in Red-Green-Blue (RGB) color space [10] . However, the RGB color space is weak in describing the image information such as lightness and color purity, so we use HSV color space. The H(hue), S(saturation), V(value) are more perceptually relevant than the constituents in RGB color space. HSV color space is the geometric transform of RGB color space; the conversion is fast enough to satisfy the real-time requirement of traffic surveillance.
The background modeling consists of three steps: initialization, background update and background learning. The initialization should set up model and initialize parameters. Traffic surveillance required the traffic video sequence to detect the vehicles, according to the theory in Ref. [11] each pixel in video represents a time series data which could be characterized as k Gaussian distributions.
I is the image-sequence in video and X t is the value of pixel(x 0 ,y 0 ) at the time t. The appearing probability of X t could be represented by the formula :
K is the number of Gaussian distribution and usually be set from 3 to 5, in this paper we set K = 3. W i,t is the i th distribution weight at time t. K is the Gaussian function of k th component:
Equation (4) is the covariance matrix and μ is the mean. We use the pixel value in first frame to initialize the μ of 1st Gaussian distribution, the initial weights W of all distributions are set to 0.3 and all ∑ are initialized with 30.
Consider the fact that the value of background pixel is constant and appear more frequently than that of foreground pixel, hence the background pixel value has low variance but high weight, so we sort the K Gaussian distributions according to the criterion:
The first B distributions are recognized as the background model, B could be calculated with (6)
where T is the threshold, Ref. [11] mentioned that T is the measure of the data which should be taken into account by the background model, if T is low, the model tends to be unmoral, conversely, the model would accept more separate colors, here we set T = 0.7. When the new image coming, background model examine each pixel, if the value of pixel satisfies the following inequality, we could say that the pixel matches the Gauss distribution and replace the value of background pixel with it [11] :
1, 2,...
c is the constant equals to 2.5.
If a match with one of the B distributions is found, the following equation could be applied to update the background model [11] :
ω k is the k th Gaussian component and a is the learning rate, in this paper, we set a = 0.005.
In order to minimize the impairment from the fixed initialization, Ref. [12] employs L-recent-window in initial estimation to improve accuracy, it utilizes the first L frames to adjust the parameters of Gaussian function, the next equation are used to replace (8) (9) (10) in first L frames, we set L = 100 in our experiment.
If a match is found but not one of the B distributions, we keep the background model unchanged. If no match is found, the least probable distribution need to be updated with the following equation: 
The background model has been completed, then we use the traffic video captured from a crossroad camera to test the model. The video was shoot at noon and the traffic and illumination condition is complex for a model to restore the background.
III. ADAPTIVE THRESHOLDING BASED ON FUZZY CLUSTERING
After background restoration, we detect the moving object by background subtraction. There are two methods for thresholding: predefined threshold and adaptive thresholding. Most of the time, predefined threshold can hardly extract the object in complex traffic environment, so we turn to adaptive thresholding which divide the pixels into distinct clusters such as background cluster and motion cluster such as the image segmentation with color histogram thresholding [13] [14] [15] , moving object extraction based on fuzzy relaxation [16] and fuzzy cluster analysis [17] [18] .
Given a frame which contains moving vehicle, background subtraction uses difference image to detect the object, thus we choose the fuzzy 2-partition entropy [19] to select the 2-level threshold. A gray-scale difference image has 256 gray levels due to the 256 gray levels(0-255) of gray-scale image. For each gray level x in difference image dif(x,y), we established two membership functions μ mo , μ bg to describe its membership degree of fuzzy event motion and background [19] : 
Based on equations (22) and (23), the fuzzy entropy could be formulated as the form:
When the fuzzy entropy reaches a maximum, the parameter pair (a,b) becomes the optimal pair. 
The optimized threshold is the mid-value of optimized a and b:
Then, we obtain the binary image B with (27):
It is time-consuming to exhaust all pairs (a, b) to find the optimal (a,b). Ref. [19] proposed a fast method to search the optimal pair. According to equations (20) , (21) and (23), the equations (22) and (24) 
Similarly, the fuzzy entropy also could be rewritten as:
now, we need to find the optimal Pr(mo) to maximize the E with the following recursive method : Set a probability vector Pv(i) where
The vector could be constructed through:
Next, set a 255×255 probability matrix Prmo for Pr(mo) and a probability matrix Prmat of equal size, the elements in Prmat have the value: The Prmat could be constructed through (34):
The vector Pv and matrix Prmat are utilized to calculate the matrix Prmo whose elements represent different value of fuzzy entropy.
The maximal Prmo(a,b) is the maximal fuzzy entropy E and we obtain the optimal pair(a,b) to calculate the optimal threshold T for motion detection.
IV. FAST IDENTIFY WITH SIFT
Traffic surveillance sometimes need to track the specific vehicle in video sequence which shot from different positions, so the distinctive invariant features in image are required for objects match, a classical feature extract method is SIFT (scale-invariant feature transform) [20] and its typical application in traffic surveillance is to store the extracted features in SIFT database and track the specific object [21] [22] [23] . Fig. 1 gives the flow chart of vehicle tracking algorithm based on SIFT database, where we could find the match procedure is the speed bottleneck when SIFT database contains huge amount of records, therefore the optimization of this procedure will speed up the whole algorithm. Ref. [24] proposed a fast SIFT feature matching method to accelerate the match procedure. This method assigns each feature 4 pairwise independent feature angles which invariant to geometrical and photometrical transformation and use both these angles and SIFT descriptors in feature matching to reduce great portion of features who fail to find the matches.
SIFT use 16×16 neighborhood of the key point to generate the 4×4 descriptors and each descriptor has 8 sub-orientations, so each feature angle θ ij could be calculated as:
where, mag ij (l) and ori ij (l) represent the magnitude anorientation of l-th sub-orientation in descriptor(i,j). Inorder to accelerate the match procedure, the angles should satisfy the following criteria:
ach an le should be uniforml distributed in -0 , 0 ].
2) All angles must be pairwise independent. or criteria , the an le space -0 , 0 is divided into 3 sections of 0 interval and count the number of SIFT feature angle θ ij who falls in these sections to calculate the probability density function of the angles to test whether the angle is equally distributed in all sections, Ref.
[24] use 10 6 SIFT features which extracted from 700 image and discovered that the border angles θ 11 , θ 14 , θ 41 , θ 44 meet the above two criteria, therefore these angles could be used as the extended feature to accelerate match procedure.
For criteria ( where μ α is the mean value of the angle section that α belongs to.
V. EXPERIMENT AND RESULT
We carried out the program on matlab platform and a 10-minute long traffic video captured from the camera at a crossroads around 12:00 a.m was used as experimental video. Figure 2 . A frame in video Fig. 2 is a frame in traffic video, from which we could see the moving vehicles, some of them are very large, besides, the light bar is also a strong interference for background restoration, and thus we adopt this typical case for our experiment. Fig. 3 shows the background recovered from the traffic video with the above algorithm. The background has some noises which could be observed by naked eye, we use mean filter to result. If the traffic video sequence is long enough such as several days, the background will be more clear. The traffic surveillance system is able to shoot the video almost every day and updates the background frequently, so the long video sequence is easy to obtained. 5 is the application of predefined threshold in object segmentation; obviously it is sensitive to noise. It is unwise to use this method in traffic surveillance. Fig. 6 gives the performance of the adaptive thresholding which extracts the car precisely, above the car we could observed some noise burst, in fact, they are pedestrian which are also be recognized as moving targets and their influence on vehicle detection could be ignored. For comparison, we applied frame difference method to motion detection [4] . Fig. 7 and 8 are the results of frame difference, from which we could observe that the moving targets are incomplete, besides, noise is obviously a great disturbance. Some improvements had been made to the frame difference [4] , but compared to background subtraction it is not applicable in traffic surveillance. The above result shows that the optimized background subtraction is the applicable method. It extracts moving objects clearly and precisely and achieves the balance between effectiveness and complexity.
VI. CONCLUSION
In this paper, we introduced an optimizing motion detection algorithm use adaptive background modeling and fuzzy clustering and discussed that SIFT could be applied in optimizing motion detection algorithm. Extract moving objects from each frame from camera video after restoring background then use fuzzy clustering to get moving object. The experiments show that the background updating model work well and moving object segmentation based on fuzzy clustering could suppress the effect of noise and extract the object but it cease to be effective at the situation where the gray value of moving object close to that of background.
